1. Introduction {#sec1}
===============

The demand for human-induced pluripotent stem (hiPS) cells is increasing. In 2014, Kameo et al. [@bib1] presented a characterization of hiPS cell-derived retinal pigment epithelium cell sheets, which were the subject of a clinical study for treating age-related macular degeneration. Sheets of hiPS cell-derived cardiomyocytes, which were developed by Kawamura et al. [@bib2] in 2012, were approved for clinical studies in 2018. A massive and reproducible production of hiPS cell-derived liver buds has been presented by Takebe et al. [@bib3], and these are now being considered for clinical studies. Olmer et al. [@bib4] indicated that clinical application of hiPS cells, e.g., in heart repair after myocardial infarction, would require at least 10^9^ cells. This amount would correspond to 1000 vials assuming a cell density of 10^6^ cells per ml, and a fill volume of one vial as 1 ml. The manufacturing of hiPS cells needs to shift from the lab-scale to large-scale production, with establishing standards on the way to design and operate the processes.

Various works are found in the literature that aim at attaining good manufacturability of cells for therapeutic purposes. Darkins and Mandenius [@bib5] demonstrated computer-aided design of large-scale manufacturing of hiPS cells by investigating different process alternatives. Hourd and Williams [@bib6] discussed the development and innovation in the production and commercialization of advanced cell therapies and precision medicines including hiPS cells. Pigeau et al. [@bib7] tackled the scale-up issue in producing allogeneic pluripotent stem cells using batches of up to 2000 L in single-use format. For human embryonic stem (hES) cells, Yeo et al. [@bib8] integrated a perfusion culture platform with mathematical modeling to enhance the bioprocess productivity and facilitate optimization. Levine et al. [@bib9] presented an overview of chimeric antigen receptor T cell production from an initial working cell bank through cell expansion, aseptic processing, logistics, and finally, cell processing facilities. The research on cell manufacturability has been expanding by involving multidisciplinary approaches including cell science, biochemistry, biochemical engineering, and process systems engineering.

The present work deals with the filling of the hiPS cells. The role of the process is the filling of liquid containing cultivated and suspended hiPS cells into vials for preservation and/or transportation, which are highly relevant in commercial manufacturing. One important parameter in filling is the lot size. In good manufacturing practice (GMP), the quality standard for pharmaceuticals, the term "lot" is defined by the US Food and Drug Administration (FDA) [@bib10] as: "*Lot or batch means one or more components or finished devices that consist of a single type, model, class, size, composition, or software version that are manufactured under essentially the same conditions and that are intended to have uniform characteristics and quality within specified limits.*" Kagihiro et al. [@bib11] showed that the number of living cells decreases with the filling time, because the cells are damaged, e.g., by suspension, during filling. Thus, in determining the lot size, one has to pay attention to such a change in cell quality. For general cyclic production processes, Stefansdottir et al. [@bib12] proposed classification schemes for setups and cleaning in lot sizing and scheduling for food production processes, and Groenevelt et al. [@bib13] presented a log-sizing analysis considering machine breakdown. However, no contribution has dealt with lot sizing in the cell manufacturing processes, including the filling of hiPS cells.

Here, we present a distribution-based approach that can be used for determining lot sizes in the filling of hiPS cells. A key assumption was that a hiPS cell has "survival capability", which can be described by a lognormal distribution. The developed approach expresses the decrease in survival capability during filling, i.e., the change in cell quality, as "trimming" of the distribution. The distributions after different filling times are calculated, to be compared with the distribution of the initial filling time regarding the yield of the cells and the similarity. These comparison results are used as the quality constraints in determining the lot size. We present a mock-up case study of lot size optimization considering an economic objective as well as quality constraints. The novelty of the work is in the integrated nature of the model for lot size simulation and determination, which was built on top of the experimental findings by Kagihiro et al. [@bib11].

2. Method {#sec2}
=========

2.1. Process overview {#sec2.1}
---------------------

An overview of the process investigated in the study is presented in [Fig. 1](#fig1){ref-type="fig"}. First, the liquid containing hiPS cells is suspended after cultivation by dissociation and centrifuge, and is retained in a vessel. The solution is then filled into vials, during which it is continuously suspended to maintain homogeneity. The filled vials are cryopreserved, and thawed at the point of use. Finally, the cells are attached for further processes such as cultivation or differentiation. The three steps of filling of the suspended cells, cryopreservation/thawing, and attachment are referred to as S, C, and A in the various subscripts of associated parameters. The retention vessel, the tubes, and the filling needles are assumed to be single-use materials, i.e., precleaned and sterilized, one-way use, and resin-made materials [@bib14]. The filling is carried out by a peristaltic pump, and the system is assumed to be equipped with multiple filling needles to fill multiple vials simultaneously.Fig. 1Overview of the investigated process.Fig. 1

The lot size of the filling process, *V*~L~ \[L\], is defined as the initial volume of the liquid in the retention vessel. According to GMP, the content in one lot size needs to have a uniform quality; this well-established quality standard for pharmaceutical products was reflected in the determination of *V*~L~. The relationship between *V*~L~ and the key process parameters is described in Eq. [(1)](#fd1){ref-type="disp-formula"}:$$V_{\text{L}} = h \cdot u \cdot t_{\text{S}}$$where *u* \[L s^−1^\], *h* \[--\], and *t*~S~ \[s\] represent the filling rate, the number of filling needles, and the time spent filling, respectively. When appropriate, the unit of hour is used for *t*~S~ in this paper.

During the steps of filling, cryopreservation/thawing, and attachment, the hiPS cells are damaged, as shown by Kagihiro et al. [@bib11]. They measured the ratio of the living and dead cells, i.e., the survival ratio, in each of the three steps at *t*~S~ = {0, 1, 2, 4} h. It was observed that, in the steps of filling and attachment, the survival ratio decreased with the increasing *t*~S~, whereas in cryopreservation/thawing, there was no strong relationship between the survival ratio and *t*~S~. Overall, with increasing *t*~S~, the number of live cells after the attachment step changed. Thus, in determining *V*~L~, the change in the quality of the suspended cells needs to be considered.

2.2. Describing cell survival capability using probability distribution {#sec2.2}
-----------------------------------------------------------------------

To deal with the life and death of the cells quantitatively, we assumed that the survival capability of the hiPS cells could be described by a continuous probability distribution. It is natural to consider that the characteristics of biological objects follow a certain distribution, and this would be the case for hiPS cells. However, to date, little has been reported on such distribution information for hiPS cells. As an alternative, the following two characteristics were adopted in this work. The first is the dynamic viscoelasticity. In the field of microrheology, dynamic viscoelasticity and related phenomena have been measured for different biological objects such as erythrocytes [@bib15], human airway smooth muscle cells [@bib16], or the cell fluid of hES and hiPS cells [@bib17]. Cai et al. [@bib18] investigated the dynamic viscoelasticity of mouse fibroblast NIH3T3 cells, and presented the complex share modulus, *G*^∗^ \[Pa\], using a complex number *i* in Eq. [(2)](#fd2){ref-type="disp-formula"}:$$G^{\ast} = G_{0}g\left( \alpha \right)\left\{ {1 + i\eta\left( \alpha \right)} \right\}\left( \frac{f}{f_{0}} \right)^{\alpha} + i\mu f$$where *G*~0~ \[Pa\] is the scale factor of the modulus when the frequency factor *f* \[Hz\] is *f*~0~ (= 1 Hz), *α* is a power-law exponent \[--\], and *μ* is the Newtonian viscous damping coefficient \[Pa s\]. The functions *g*(*α*) and *η*(*α*) represent Γ(1--*α*)cos (π*α*/2) and tan (π*α*/2), respectively. Based on the measurement, Cai et al. [@bib18] defined the parameters of *α*, *G*~0~, and *μ* as normal distributions *N* (mean, standard deviation) as shown in Eqs. [(3-1)](#fd3_1){ref-type="disp-formula"}, [(3-2)](#fd3_2){ref-type="disp-formula"}, [(3-3)](#fd3_3){ref-type="disp-formula"}.$$\alpha = N\left( {0.32,\ 0.08} \right)$$$$\ln\left( G_{0} \right) = N\left( {4.56,\ 0.62} \right)$$$$\ln\left( \mu \right) = N\left( {- 0.288,\ 0.65} \right)$$

The second characteristic is the maximum elastic strain energy, *E*~max~ \[J\], the energy that a spherical solid object can accumulate until its collision. Kanda et al. [@bib19] defined *E*~max~ as in Eq. [(4)](#fd4){ref-type="disp-formula"}:$$E_{\text{max}} = 0.832\left( \frac{1 - \nu^{2}}{Y} \right)^{\frac{2}{3}}\left( \frac{1}{2r} \right)^{\frac{1}{3}}F^{\frac{5}{3}}$$where *ν* is the Poisson\'s ratio \[--\], *Y* is the Young\'s modulus \[Pa\], *r* is the radius of the sphere \[m\], and *F* is the load \[N\]. The expression of *Y*^∗^, Young\'s modulus using a complex number, as a function of *G*^∗^ can be found, e.g., in Ref. [@bib20], as shown in Eq. [(5)](#fd5){ref-type="disp-formula"}.$$Y^{\ast} = 2\left( {1 + \text{ν}} \right)G^{\ast}$$

By replacing *Y* in Eq. [(3-1)](#fd3_1){ref-type="disp-formula"}, [(3-2)](#fd3_2){ref-type="disp-formula"}, [(3-3)](#fd3_3){ref-type="disp-formula"} with $\left| Y^{\ast} \right|$ in Eq. [(4)](#fd4){ref-type="disp-formula"}, i.e., considering the maximum amount for *Y*, *E*~max~ can be rewritten as in Eq. [(6)](#fd6){ref-type="disp-formula"}:$$E_{\text{max}} = 0.832\left( \frac{1 - \nu^{2}}{Y} \right)^{\frac{2}{3}}\left( \frac{1}{2r} \right)^{\frac{1}{3}}F^{\frac{5}{3}} = 0.832\left( \frac{1 - \nu}{2} \right)^{\frac{2}{3}}\left( \frac{1}{2r} \right)^{\frac{1}{3}}F^{\frac{5}{3}} \times \left| G^{\ast} \right|^{- \frac{2}{3}} = q \times \left| G^{\ast} \right|^{- \frac{2}{3}}\ $$where *q* \[Pa^2/3^ J\] is a coefficient that contains constant parameters before $\left| G^{\ast} \right|^{- \frac{2}{3}}$, which is defined for simplification. Because $\left| G^{\ast} \right|^{- \frac{2}{3}}$ follows a probability distribution determined by Eqs. [(2)](#fd2){ref-type="disp-formula"}, [(3-1)](#fd3_1){ref-type="disp-formula"}, [(3-2)](#fd3_2){ref-type="disp-formula"}, [(3-3)](#fd3_3){ref-type="disp-formula"}, *E*~max~ has a distributed nature as well.

In this work, *E*~max~ (Eq. [(6)](#fd6){ref-type="disp-formula"}) was defined as a pseudo indicator of the survival capability of a hiPS cell. Each cell follows the distribution of *E*~max~, as does a group of cells in a retention vessel or in a filled vial. Because of the lack of distribution-related information on the hiPS cells, alternative characteristics, namely the dynamic viscoelasticity of mouse fibroblast NIH3T3 cells and the elastic strain energy of solid particles, had to be adopted. However, the indicator could still meet the purpose of the work, which was to demonstrate the effectiveness of the distribution-based approach for lot size determination rather than report calculated results.

For the distributed part of *E*~max~, namely $\left| G^{\ast} \right|^{- \frac{2}{3}}$, a lognormal distribution, $f_{\text{Λ}}\left( x \right)$, described in Eq. [(7)](#fd7){ref-type="disp-formula"} was found as the best fitting probability distribution:$$f_{\text{Λ}}\left( x \right) = \frac{1}{\sqrt{2\text{π}}vx}\text{exp}\left( {- \frac{\left( {\text{ln}\left( x \right) - m} \right)^{2}}{2v^{2}}} \right)\ $$where *m* and *ν* represent the parameters of $f_{\text{Λ}}\left( x \right)$, and *x* is the support of the function (0, ∞). By comparing $f_{\text{Λ}}\left( x \right)$ with $\left| G^{\ast} \right|^{- \frac{2}{3}}$ using Monte Carlo simulation (\#iteration = 10,000), the most likely values of *m* and *ν* were found to be −3.71 and 0.436, respectively. The distribution $f_{\text{Λ}}\left( x \right)$ represents the survival capability of the cells obtained in the cultivation, and is referred to as the initial distribution.

2.3. Judging life or death of cells using cell survival capability {#sec2.3}
------------------------------------------------------------------

In what follows, the algorithm for judging life or death of a cell is presented. Eqs. [(8-1)](#fd8_1){ref-type="disp-formula"}, [(8-2)](#fd8_2){ref-type="disp-formula"}, [(8-3)](#fd8_3){ref-type="disp-formula"} describe the damage caused to a cell during filling, cryopreservation/thawing, and attachment, respectively:$$E_{\text{S}}\left( t_{\text{S}} \right) = S_{1}t_{\text{s}} + S_{2} = q\left( {s_{1}t_{\text{S}} + s_{2}} \right)$$$$E_{\text{C}}\left( t_{\text{S}} \right) \geq 0$$$$E_{\text{A}}\left( t_{\text{S}} \right) = A_{1}t_{\text{s}} + A_{2} = q\left( {a_{1}t_{\text{S}} + a_{2}} \right)$$where *S*~1~ \[J s^−1^\] and *A*~1~ \[J s^−1^\], and *S*~2~ \[J\] and *A*~2~ \[J\] represent the proportionally constant and intercept regarding *t*~S~, respectively. The parameters *s*~1~ \[Pa^−2/3^ s^−1^\], *s*~2~ \[Pa^−2/3^\], *a*~1~ \[Pa^−2/3^ s^−1^\], and *a*~2~ \[Pa^−2/3^\] correspond to *S*~1~, *S*~2~, *A*~1~, and *A*~2~, respectively, after the deformation to separate *q*. The dependency of the damage on *t*~S~ in each step was determined based on the characteristics reported by Kagihiro et al. [@bib11]. The strategy in this work is to compare the types of damage defined in Eqs. [(8-1)](#fd8_1){ref-type="disp-formula"}, [(8-2)](#fd8_2){ref-type="disp-formula"}, [(8-3)](#fd8_3){ref-type="disp-formula"} with the distribution of *E*~max~ to quantify the probability of cell survival at each step. For the actual calculation, $s_{1}t_{\text{S}} + s_{2}$ and $a_{1}t_{\text{S}} + a_{2}$ are compared with $f_{\text{Λ}}\left( x \right)$. Apart from the abovementioned types of damage, the cells regain the survival capability in the attachment step, which is the preparation status for growth. This aspect will be considered in a later part in this section. The parameters *s* and *a* describe the effect of suspension on the cell survival capability. The parameters *s*~1~ and *a*~1~ describe the *t*~S~-proportional damage during the filling step; *s*~2~ and *a*~2~ are independent of *t*~S~, and reflect the damage induced during the dissociating and centrifuge steps as the preparation for filling.

The effect of the damage during filling is described in Eqs. [(9-1)](#fd9_1){ref-type="disp-formula"}, [(9-2)](#fd9_2){ref-type="disp-formula"}, [(9-3)](#fd9_3){ref-type="disp-formula"}. Eq. [(9-1)](#fd9_1){ref-type="disp-formula"}, [(9-2)](#fd9_2){ref-type="disp-formula"}, [(9-3)](#fd9_3){ref-type="disp-formula"} defines $f_{\text{Λ}_{\text{S}}}\left( {x,\ t_{\text{S}}} \right)$, the distribution of $f_{\text{Λ}}\left( x \right)$ after a filling time *t*~S~, where the *t*~S~-proportional damage to the cell is included. Eq. [(9-1)](#fd9_1){ref-type="disp-formula"}, [(9-2)](#fd9_2){ref-type="disp-formula"}, [(9-3)](#fd9_3){ref-type="disp-formula"} defines the judgment criteria for the life and death of the cell using the distribution of $f_{\text{Λ}_{\text{S}}}$. Eq. [(9-1)](#fd9_1){ref-type="disp-formula"}, [(9-2)](#fd9_2){ref-type="disp-formula"}, [(9-3)](#fd9_3){ref-type="disp-formula"} expresses the yield of the cells in the filling step, *y*~S~ \[--\], where an error function-based function $R\left( {x'} \right)$, defined in Eq. [(10)](#fd10){ref-type="disp-formula"}, is used for the sake of simplification.$$f_{\text{Λ}_{\text{S}}}\left( {x,t_{\text{S}}} \right) = f_{\text{Λ}}\left( \left. x + \left( s_{1}t_{\text{S}} + s_{2} \right) \right) \right.$$$$\left\{ \begin{matrix}
{x > 0} & {life} \\
{x \leq 0} & {death} \\
\end{matrix} \right.$$$$y_{\text{S}}\left( t_{\text{S}} \right) = \frac{\int_{0}^{\infty}f_{\text{Λ}}\left( \left. x + \left( s_{1}t_{\text{S}} + s_{2} \right) \right) \right.dx}{\int_{0}^{\infty}f_{\text{Λ}}\left( {x + s_{2}} \right)dx} = \frac{R\left( {s_{1}t_{\text{S}} + s_{2}} \right)}{R\left( s_{2} \right)}$$$$R\left( {x'} \right) = 1 - \frac{1}{2}erfc\left( {- \frac{\ln\left( {x'} \right) - m}{\sqrt{2}v}} \right)$$

The second deformation in Eq. [(9-1)](#fd9_1){ref-type="disp-formula"}, [(9-2)](#fd9_2){ref-type="disp-formula"}, [(9-3)](#fd9_3){ref-type="disp-formula"} was possible because $f_{\text{Λ}}$ was expressed as a lognormal distribution. If other distributions were applied, an analytical expression of *y*~S~ could become difficult. In this case, Monte Carlo simulation can be used to obtain *y*~S~ numerically.

The effect of the damage during cryopreservation/thawing is described in Eqs. [(11-3)](#fd11_3){ref-type="disp-formula"}, [(11-4)](#fd11_4){ref-type="disp-formula"}, [(11-1)](#fd11_1){ref-type="disp-formula"}, [(11-2)](#fd11_2){ref-type="disp-formula"}. Eq. [(11-3)](#fd11_3){ref-type="disp-formula"}, [(11-4)](#fd11_4){ref-type="disp-formula"}, [(11-1)](#fd11_1){ref-type="disp-formula"}, [(11-2)](#fd11_2){ref-type="disp-formula"} defines $f_{\text{Λ}_{\text{C}}}\left( {x,t_{\text{S}}} \right)$, the distribution of cell survival capability after both filling and cryopreservation/thawing steps, as a function of *t*~S~. The *t*~S~-independency during cryopreservation/thawing can be seen in the equation; the $f_{\text{Λ}_{\text{S}}}\left( {x,t_{\text{S}}} \right)$ distribution is "downsized" by the parameter *c* \[--\] defined in Eq. [(11-3)](#fd11_3){ref-type="disp-formula"}, [(11-4)](#fd11_4){ref-type="disp-formula"}, [(11-1)](#fd11_1){ref-type="disp-formula"}, [(11-2)](#fd11_2){ref-type="disp-formula"}. Eqs. [(11-3)](#fd11_3){ref-type="disp-formula"}, [(11-4)](#fd11_4){ref-type="disp-formula"} express the probability of the life and death, and the yield of the cells in the cryopreservation/thawing step, respectively.$$f_{\text{Λ}_{\text{C}}}\left( {x,t_{\text{S}}} \right) = c \times f_{\text{Λ}}\left( \left. x + \left( s_{1}t_{\text{S}} + s_{2} \right) \right) \right.$$$$0 \leq c \leq 1$$$$\left\{ \begin{array}{l}
{p\left( {life} \right) = c} \\
{p\left( {death} \right) = 1 - c} \\
\end{array} \right.$$$$y_{\text{C}}\left( t_{\text{S}} \right) = c$$

The effect of the damage during attachment is described in Eqs. [(12-3)](#fd12_3){ref-type="disp-formula"}, [(12-1)](#fd12_1){ref-type="disp-formula"}, [(12-2)](#fd12_2){ref-type="disp-formula"}. Eq. [(12-3)](#fd12_3){ref-type="disp-formula"}, [(12-1)](#fd12_1){ref-type="disp-formula"}, [(12-2)](#fd12_2){ref-type="disp-formula"} defines $f_{\text{Λ}_{\text{A}}}\left( {x,t_{\text{S}}} \right)$ the cell survival capability distribution after all three steps as a function of *t*~S~, where the *t*~S~-proportional damage is expressed. As noted, the attachment step provides the environment where the cells could already grow, which is expressed by an "upsizing" parameter *a*~3~ \[--\] (\>1) in Eq. [(12-3)](#fd12_3){ref-type="disp-formula"}, [(12-1)](#fd12_1){ref-type="disp-formula"}, [(12-2)](#fd12_2){ref-type="disp-formula"}. Eq. [(12-3)](#fd12_3){ref-type="disp-formula"}, [(12-1)](#fd12_1){ref-type="disp-formula"}, [(12-2)](#fd12_2){ref-type="disp-formula"} defines the judgment criteria for life and death using the initial distribution of $f_{\text{Λ}_{\text{A}}}$; Eq. [(12-3)](#fd12_3){ref-type="disp-formula"}, [(12-1)](#fd12_1){ref-type="disp-formula"}, [(12-2)](#fd12_2){ref-type="disp-formula"} expresses the yield of the cells in the attachment step, *y*~A~ \[--\]. Similar to the case in Eq. [(12-3)](#fd12_3){ref-type="disp-formula"}, [(12-1)](#fd12_1){ref-type="disp-formula"}, [(12-2)](#fd12_2){ref-type="disp-formula"}, a Monte Carlo simulation can be applied to obtain *y*~A~ numerically, if the analytical expression is difficult.$$f_{\text{Λ}_{\text{A}}}\left( {x,t_{\text{S}}} \right) = ca_{3} \times f_{\text{Λ}}\left( {x + \left( s_{1}t_{\text{S}} + s_{2} \right) + \left( {a_{1}t_{s} + a_{2}} \right)} \right)$$$$\left\{ \begin{matrix}
{x > 0} & {life} \\
{x \leq 0} & {death} \\
\end{matrix} \right.$$$$y_{\text{A}}\left( t_{\text{S}} \right) = a_{3} \times \frac{\int_{0}^{\infty}f_{\text{Λ}}\left( {x + \left( {s_{1}t_{\text{S}} + s_{2}} \right) + \left( {a_{1}t_{\text{S}} + a_{2}} \right)} \right)dx}{\int_{0}^{\infty}f_{\text{Λ}}\left( {x + \left( {s_{1}t_{\text{S}} + s_{2}} \right)} \right)dx} = a_{3} \times \frac{R\left. \left( \left( s_{1}t_{\text{S}} + s_{2} \right) + \left( {a_{1}t_{\text{S}} + a_{2}} \right) \right. \right)}{R\left( {s_{1}t_{\text{S}} + s_{2}} \right)}$$

The overall yield of the cells after the three steps, *y*~Overall~ \[--\], is expressed as a function of *t*~S~ in Eq. [(13)](#fd13){ref-type="disp-formula"}.$$y_{\text{Overall}}\left( t_{\text{S}} \right) = y_{\text{S}}\left( t_{\text{S}} \right) \cdot y_{\text{C}}\left( t_{\text{S}} \right) \cdot y_{\text{A}}\left( t_{\text{S}} \right)$$

The values of the parameters *s*~1~, *s*~2~, *c*, *a*~1~, *a*~2~, and *a*~3~ can be calculated by comparing the stepwise yield with the experimental result, as presented by Kagihiro et al. [@bib11]. In this work, the values of *s*~1~ and *s*~2~ were calculated by comparing $y_{\text{S}}|_{t_{\text{S}} = 1}/y_{\text{S}}|_{t_{\text{S}} = 0}$ and $y_{\text{S}}|_{t_{\text{S}} = 2}/y_{\text{S}}|_{t_{\text{S}} = 0}$ with the measured yield in the filling step at *t*~S~ = 1 h and 2 h (see Eq. [(12-3)](#fd12_3){ref-type="disp-formula"}, [(12-1)](#fd12_1){ref-type="disp-formula"}, [(12-2)](#fd12_2){ref-type="disp-formula"}), respectively. The value of *c* (see Eq. [(12-3)](#fd12_3){ref-type="disp-formula"}, [(12-1)](#fd12_1){ref-type="disp-formula"}, [(12-2)](#fd12_2){ref-type="disp-formula"}) was obtained directly from the measured yield in cryopreservation/thawing. The values of *a*~1~ and *a*~2~ were calculated by comparing $y_{\text{A}}|_{t_{\text{S}} = 1}/y_{\text{A}}|_{t_{\text{S}} = 0}$ and $y_{\text{A}}|_{t_{\text{S}} = 2}/y_{\text{A}}|_{t_{\text{S}} = 0}$ with the measured yield in the attachment step at *t*~S~ = 1 h and 2 h (see Eq. [(9-3)](#fd9_3){ref-type="disp-formula"}, [(12-3)](#fd12_3){ref-type="disp-formula"}), respectively. Finally, the parameter *a*~3~ was specified by the increase in the number of cells that were obtained at *t*~S~ = 0 and were attached without cryopreservation/thawing. All values used were measured at room temperature in Ref. [@bib11]. The values of *s*~1~, *s*~2~, *c*, *a*~1~, *a*~2~, and *a*~3~ are included in [Table 1](#tbl1){ref-type="table"}.Table 1Parameter values used in the calculation.Table 1SymbolValueUnitRemark$a_{1}$$1.12 \times 10^{- 3}$\[Pa^−2/3^ s^−1^\]See Section [2.3](#sec2.3){ref-type="sec"}.$a_{2}$$4.93 \times 10^{- 3}$\[Pa^−2/3^\]See Section [2.3](#sec2.3){ref-type="sec"}.$a_{3}$$1.47$\[--\]See Section [2.3](#sec2.3){ref-type="sec"}.$c$$8.25 \times 10^{- 1}$\[--\]See Section [2.3](#sec2.3){ref-type="sec"}.$C_{\text{Change}}$$5.00 \times 10^{4}$\[JPY\]Set with reference to Ref. [@bib23].$C_{\text{Tube}/\text{Needle}}$$9.90 \times 10^{4}$\[JPY\]Set with reference to Ref. [@bib23].$h$$8$\[--\]Assumed in this work.$m$$- 3.71$\[--\]See Section [2.2](#sec2.2){ref-type="sec"}.$N_{0}$$1.00 \times 10^{2}$\[L year^−1^\]Assumed in this work.$s_{1}$$4.1 \times 10^{- 3}$\[Pa^−2/3^ s^−1^\]See Section [2.3](#sec2.3){ref-type="sec"}.$s_{2}$$1.12 \times 10^{- 2}$\[Pa^−2/3^\]See Section [2.3](#sec2.3){ref-type="sec"}.$u$$1.00 \times 10^{- 4}$\[L s^−1^\]Assumed in this work.$v$$4.36 \times 10^{- 1}$\[--\]See Section [2.2](#sec2.2){ref-type="sec"}.

2.4. Determining lot size using the overall yield and Cohen\'s d {#sec2.4}
----------------------------------------------------------------

The changes in the initial distribution, $f_{\text{Λ}}$, from cultivation through filling and cryopreservation/thawing, and finally to attachment are illustrated in [Fig. 2](#fig2){ref-type="fig"}. In the filling step, the weak cells with low *E*~max~ are eliminated; in cryopreservation/thawing, any cell has an equal possibility of being eliminated regardless of its *E*~max~; in the attachment step, again, weak cells cannot survive. The distribution $f_{\text{Λ}_{\text{A}}}|_{x > 0,t_{\text{S}}}$ represents the "consequential" survival capability of cells that are filled at the time point *t*~S~, and immediately afterward are cryopreserved/thawed and attached. That means that by comparing $f_{\text{Λ}_{\text{A}}}|_{x > 0,t_{\text{S}}}$ with $f_{\text{Λ}_{\text{A}}}|_{x > 0,t_{\text{S}} = 0}$, the cells filled at *t*~S~ and at *t*~S~ = 0 (the first vial) can be compared, which would lead to the determination of the lot size *V*~L~ (see Eq. [(1)](#fd1){ref-type="disp-formula"}).Fig. 2Changes of the initial distribution, $f_{\text{Λ}}$, through the steps of filling, cryopreservation/thawing, and attachment.Fig. 2

In this work, two indicators are used to compare two distributions, namely the overall yield, *y*~Overall~ (see Eq. [(13)](#fd13){ref-type="disp-formula"}), and Cohen\'s *d* \[--\] [@bib21]. The indicator, *y*~Overall~, quantifies the change in living cell density for the vial filled at *t*~S~. With the increase in *t*~S~, more cells would die, and cell density would decrease ([Fig. 2](#fig2){ref-type="fig"}). The density can be recovered, e.g., in the succeeding cultivation after the attachment step; however, a density discrepancy that is too large within a lot is undesirable. Thus, to consider the aspect of cell density in determining the lot size, a constraint could be set regarding *y*~Overall~.

The other indicator, *d*, is a known effect size that is used to quantify the similarity of two distributions, $f_{\text{Λ}_{\text{A}}}|_{x > 0,t_{\text{S}}}$ with $f_{\text{Λ}_{\text{A}}}|_{x > 0,t_{\text{S}} = 0}$. Eq. [(14)](#fd14){ref-type="disp-formula"} shows the general definition of *d* using a stochastic variable *X*, mean of *X*, *μ*(*X*), standard deviation of *X*, *σ*(*X*), and sample size *n*.$$d = \frac{\left| {\mu\left( X_{1} \right) - \mu\left( X_{2} \right)} \right|}{\sqrt{\frac{{{n_{1}\sigma\left( X_{1} \right)}^{2} + n_{2}\sigma\left( X_{2} \right)}^{2}}{n_{1} + n_{2}}}} = \frac{\left| {\mu\left( f_{\text{Λ}_{\text{A}}}|_{x > 0,t_{\text{S}}} \right) - \mu\left( f_{\text{Λ}_{\text{A}}}|_{x > 0,t_{\text{S}} = 0} \right)} \right|}{\sqrt{\frac{{{n_{1}\sigma\left( f_{\text{Λ}_{\text{A}}}|_{x > 0,t_{\text{S}}} \right)}^{2} + n_{2}\sigma\left( f_{\text{Λ}_{\text{A}}}|_{x > 0,t_{\text{S}} = 0} \right)}^{2}}{n_{1} + n_{2}}}}$$

Cohen\'s *d* becomes small when the two distributions are similar. As the standard, Cohen [@bib22] defined three values of 0.2, 0.5, and 0.8, for a small, medium, and large effect, respectively. That means that when strict similarity is desired, as would be the case in hiPS cell filling, the value of 0.2 should be adopted. The second deformation in Eq. [(14)](#fd14){ref-type="disp-formula"} is to present the adapted indicator *d* that investigates the difference between $f_{\text{Λ}_{\text{A}}}|_{x > 0,t_{\text{S}}}$ and $f_{\text{Λ}_{\text{A}}}|_{x > 0,t_{\text{S}} = 0}$.

Because it is difficult to express the indicator *d* analytically, the value should be obtained numerically, e.g., by Monte Carlo simulation. In one run, random numbers can be sampled from $f_{\text{Λ}_{\text{A}}}|_{x,t_{\text{S}}}$ and $f_{\text{Λ}_{\text{A}}}|_{x,t_{\text{S}} = 0}$, e.g., for 10,000, and then the data sets of $f_{\text{Λ}_{\text{A}}}|_{x > 0,t_{\text{S}}}$ and $f_{\text{Λ}_{\text{A}}}|_{x > 0,t_{\text{S}} = 0}$ can be obtained by screening out negative values. These data sets can be used to calculate the indicator *d*. In the actual calculation of *d*, it was observed that the obtained *d* fluctuated in each run of the Monte Carlo simulation. This is seemingly caused by the skewed shape of the distribution of $f_{\text{Λ}_{\text{A}}}|_{x > 0,t_{\text{S}}}$, which is influenced largely by the sampled values in the calculation. To improve reliability, it is suggested to repeat the set of Monte Carlo simulation multiple times, e.g., 10,000. After this double-loop calculation, the indicator *d* will be obtained as a probability distribution. Using the upper 5% point, *d*^0.05^ \[--\], and the standard value of 0.2, we defined the judgment criteria on the similarity (Eq. [(15)](#fd15){ref-type="disp-formula"}).$$d^{0.05}\left( t_{\text{S}} \right) = 0.2$$

Eqs. [(13)](#fd13){ref-type="disp-formula"}, [(15)](#fd15){ref-type="disp-formula"} constrain the possible time of *t*~S~, i.e., the maximum value of the lot size *V*~L~ (see Eq. [(1)](#fd1){ref-type="disp-formula"}). In Section [3](#sec3){ref-type="sec"}, we introduce a case study in which the determination of *V*~L~ is presented by defining an economic objective function and quality constraints based on Eqs. [(13)](#fd13){ref-type="disp-formula"}, [(15)](#fd15){ref-type="disp-formula"}.

3. Case study {#sec3}
=============

3.1. Process description {#sec3.1}
------------------------

The process shown in [Fig. 1](#fig1){ref-type="fig"} was considered in a case study. It was assumed that the filling step had a retention bag with size *V*~L~, a filling tube, and eight filling needles (*h* = 8, see Eq. [(1)](#fd1){ref-type="disp-formula"}) that were connected sequentially. All materials were assumed to be single use. The annual demand of the cell, *N*~0~, and the filling rate, *u*, were set as 100 L and 1.0 × 10^−4^ L s^−1^, respectively. When the filling volume of a vial was 1 mL per vial, the rate *u* would correspond to 6 vial/min. The annual production cost, *C*~Annual~ \[JPY year^−1^\], was defined in Eq. [(16)](#fd16){ref-type="disp-formula"}:$$C_{\text{Annual}}\left( V_{\text{L}} \right) = \left( {C_{\text{Bag}}\left( V_{\text{L}} \right) + C_{\text{Tube}/\text{Needle}} + C_{\text{Change}}} \right)\frac{N_{0}}{V_{\text{L}}}$$where *C*~Bag~ \[JPY\], *C*~Tube/Needle~ \[JPY\], and *C*~Change~ \[JPY\] represent the costs of the retention bag, tube and filling needles, and lot changing over, respectively. These cost factors associated with single-use materials were set with reference to Shirahata et al. [@bib23], who performed an economic evaluation of sterile filling processes using single-use materials. The factor *C*~Bag~ was formulated as a second-order function of *V*~L~ with an increasing tendency; otherwise, *C*~Tube/Needle~ and *C*~Change~ were constant. The values used in the calculation are summarized in [Table 1](#tbl1){ref-type="table"}. The design problem was formulated as shown in Eq. [(17)](#fd17){ref-type="disp-formula"}.$$\min\limits_{V_{\text{L}}}C_{\text{Annual}}\left( V_{\text{L}} \right)$$Subject to$$\begin{array}{l}
{V_{\text{L}} = h \cdot u \cdot t_{\text{S}}} \\
{y_{\text{Overall}}\left( t_{\text{S}} \right) \geq 0.8\ \text{or}\ 0.6\ \text{or}\ 0.4} \\
{d^{0.05}\left( t_{\text{S}} \right) \leq 0.2} \\
{0 \leq t_{\text{S}} \leq 3\text{h}} \\
\end{array}$$

Here, *C*~Annual~ in Eq. [(16)](#fd16){ref-type="disp-formula"} is defined as the objective function, or the indicator that should be minimized, in this case by varying *V*~L~. The minimization is subject to the constraints. First, the relation between *t*~S~ and *V*~L~ is maintained as defined in Eq. [(1)](#fd1){ref-type="disp-formula"}. Second, *y*~Overall~ in Eq. [(13)](#fd13){ref-type="disp-formula"} should be above a certain target, which was set as 0.8, 0.6, or 0.4 in this study. Third, *d*^0.05^ should be below the standard of 0.2, which was introduced in Eq. [(15)](#fd15){ref-type="disp-formula"} as the criteria of similarity. Lastly, the range of *t*~S~ was set between 0 and 3 h. The second and third constraints represent the quality conditions that are uniquely defined in the lot sizing of hiPS cell filling.

3.2. Change in survival capability over filling time {#sec3.2}
----------------------------------------------------

The time change of the distribution $f_{\text{Λ}_{\text{A}}}|_{x > 0,t_{\text{S}}}$ from *t*~S~ = 0 to 3 h is shown in [Fig. 3](#fig3){ref-type="fig"} with 0.5 h increments. The shape of the distribution is skewed as illustrated in [Fig. 2](#fig2){ref-type="fig"}; as *t*~S~ increases, the trimmed area becomes larger, and the difference between $f_{\text{Λ}_{\text{A}}}|_{x > 0,t_{\text{S}}}$ and $f_{\text{Λ}_{\text{A}}}|_{x > 0,t_{\text{S}} = 0}$ increases as well. This dynamic change will be assessed by the indices of *y*~Overall~ regarding the area of the distribution, and *d*^0.05^ regarding the shape of the distribution.Fig. 3Time change of the distribution of the consequential survival capability, $f_{\text{Λ}_{\text{A}}}|_{x > 0,t_{\text{S}}}$.Fig. 3

The time change of *y*~Overall~, from 0 to 3 h is shown in [Fig. 4](#fig4){ref-type="fig"} with 0.1 h increments. The values were obtained analytically using Eq. [(13)](#fd13){ref-type="disp-formula"}. Consistent with the result shown in [Fig. 3](#fig3){ref-type="fig"}, *y*~Overall~ decreases with increasing *t*~S~. Among the calculated *t*~S~, the largest values that satisfied the second constraint in Eq. [(17)](#fd17){ref-type="disp-formula"} were 8.06 × 10^−1^, 1.61, and 2.58 h, for 0.8, 0.6, and 0.4 as *y*~Overall~, respectively. The corresponding lot sizes *V*~L~ for these *t*~S~ were 2.32, 4.63, and 7.42 L, respectively.Fig. 4Time change of the overall yield, *y*~Overall~.Fig. 4

The time change of Cohen\'s *d* is shown in [Fig. 5](#fig5){ref-type="fig"}. Unlike *y*~Overall~, the indicator *d* was calculated numerically: at each *t*~S~, a double-loop Monte Carlo simulation was performed, i.e., 10,000 samplings for $f_{\text{Λ}_{\text{A}}}|_{x,t_{\text{S}}}$ and $f_{\text{Λ}_{\text{A}}}|_{x,t_{\text{S}} = 0}$, and this was repeated 10,000 times. With the increase in *t*~S~, the distribution of *d* shifted upward. Among the calculated *t*~S~, the largest value that satisfied the third constraint in Eq. [(17)](#fd17){ref-type="disp-formula"} was 1.3 h, which corresponded to a *V*~L~ of 3.74 L.Fig. 5Time change of Cohen\'s *d*.Fig. 5

3.3. Evaluation of cell survival capability and determination of the lot size {#sec3.3}
-----------------------------------------------------------------------------

The evaluation result of the annual operating cost, *C*~Annual~, is presented in [Fig. 6](#fig6){ref-type="fig"} as a function of *V*~L~, indicating the constraints on *y*~Overall~ and Cohen\'s *d* using dotted lines. The corresponding value of *V*~L~ for *t*~S~ = 3 h, the upper bound of *t*~S~ indicated by a solid line, is 8.64 L. With the increase in *V*~L~, the cost *C*~Annual~ decreases. Although *C*~Bag~ was defined as an increasing function of *V*~L~, which could have affected the cost negatively, the effect was almost negligible. Values of *y*~Overall~ and Cohen\'s *d* in the inequality constraints Eq. [(17)](#fd17){ref-type="disp-formula"} are also presented in [Fig. 6](#fig6){ref-type="fig"}. Because *C*~Annual~ decreases monotonously, the inequality constraints determine the optimal solution of *V*~L~. If the constraint *y*~Overall~ ≥0.8 is adopted, then the constraint on *y*~Overall~ already determines the optimal *V*~L~ as 2.32 L. If *y*~Overall~ ≥0.6 or 0.4, the constraint on *d*^0.05^ serves as a harder constraint, and the optimal *V*~L~ is given as 3.74 L. The corresponding *y*~Overall~ at *V*~L~ = 3.74 L was 0.674. In this way, the constraints of *y*~Overall~ and *d* compete in the determination of the optimal lot size.Fig. 6Evaluation result of the annual operating cost, *C*~Annual~, as a function of *V*~L~ indicating the constraints on overall yield, *y*~Overall~, and Cohen\'s *d*.Fig. 6

4. Discussion {#sec4}
=============

The obtained optimal *V*~L~ values were strongly affected by either of the two constraints on cell quality, which were expressed by *y*~Overall~ and Cohen\'s *d*. In injectable manufacturing, where the quality degradation during filling may be less problematic than in the cell manufacturing, the inequality constraints in Eq. [(17)](#fd17){ref-type="disp-formula"} would not be necessary. In this case, the optimal lot size would be as high as the upper bound, and would be larger than the obtained *V*~L~ presented above. This difference could be interpreted as the difficulty of cell manufacturing, where the product quality could rapidly change during processing. Our integrated model presented this fundamental difference between cell and injectable filling quantitatively for the first time. Here, Cohen\'s d played an essential role in comparing the similarity of the filled cells from the initial state.

The result of *C*~Total~ decreased monotonously because the function mainly considered the single-use material costs associated with the production. However, in reality, the increase in filling time could increase the possibility of unexpected problems, e.g., machine failure, which could lead to the rejection of the entire lot in the worst case. Incorporation of such stochastic events in the evaluation, which was out of the scope here, could cause increase of *C*~Total~ after a certain filling time, leading to a different optimization result.

The approach can deal flexibly with different types of probability distribution specified for $f_{\text{Λ}}$. In the present case, where a lognormal distribution was used, an analytical expression of *y*~Overall~ was possible, as presented in Eqs. [(9-3)](#fd9_3){ref-type="disp-formula"}, [(12-3)](#fd12_3){ref-type="disp-formula"}. For other types, such as beta or Weibull distributions, the Monte Carlo simulation could be applied to quantify *y*~Overall~, as was done for *d*. The remaining logic could stay the same for determining the appropriate lot size.

The specification of the initial distribution $f_{\text{Λ}}$ would require more in-depth understanding of the cell actions. In the present study, the dynamic viscoelasticity of a different cell was adopted to describe the cell survival capability for the sake of demonstration. For hiPS cells, there could be a more appropriate and measurable characteristic that could be obtained as a probability distribution, e.g., degree of progress in cell apoptosis. In some conditions, hiPS cells are handled as aggregates, where the survival capability could be described differently from the case of single cells. The entire model still awaits for future validation with experimental data for evaluation, but again, the approach to determining the lot size could remain the same. This ready-to-be-run approach with the integrated mathematical models is the final output of the work.

5. Conclusions and outlook {#sec5}
==========================

In this work, we presented a distribution-based and conceptual approach for determining the lot size in the filling process of hiPS cells. The survival capability of the hiPS cells was assumed as a lognormal distribution, by referring to the dynamic viscoelasticity of mouse fibroblast NIH3T3 cells, and the elastic strain energy of solid particles. The decrease in capability was modeled based on reported experimental results for filling, cryopreservation/thawing, and attachment steps for hiPS cells. The distribution of the consequential survival capability of the cells filled at different time points was formulated as a function of filling time. By analyzing the distribution using the overall yield and Cohen\'s *d*, the adequate filling time could be identified, which could be applied in determining the lot size.

To demonstrate the approach, a mock-up case study was performed. The design problem was formulated to minimize the annual production cost by varying the lot size, subject to the constraints on cell yield and given the constraints of the difference in survival capability. The result indicated that the objective function decreased monotonously, and the highest lot size was determined as the optimal lot size. Because the input information was based on a different type of cells, the reported results cannot be used directly in practice. However, the approach would remain the same when actual distribution information on hiPS cells becomes quantified and available.

The following points can be explored as future research opportunities. First, the determination of the cell survival capability could be addressed by considering various biological activities to run the approach and obtain meaningful results. Second, the elaboration of the objective function would be desired. Incorporation of the undesired but possible failure events could penalize a long filling time, which could lead to the estimation of a more useful lot size. Lastly, systems engineering approaches as presented in this work could be extended to cover other processes for the industrial manufacturing of hiPS cells. To achieve good cell manufacturability for hiPS cells, establishment of a systems fundament for the entire process would be necessary.
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Nomenclature {#appsec1}
============

$A_{1}$Coefficient associated with attachment \[J s^−1^\]$a_{1}$Coefficient associated with attachment \[Pa^−2/3^ s^−1^\]$A_{2}$Coefficient associated with attachment \[J\]$a_{2}$Coefficient associated with attachment \[Pa^−2/3^\]$a_{3}$Coefficient associated with attachment \[--\]$c$Coefficient associated with cryopreservation \[--\]$C_{\text{Annual}}$Annual production cost \[JPY year^−1^\]$C_{\text{Bag}}$Cost of retention bag per lot \[JPY\]$C_{\text{Change}}$Cost of changing lot \[JPY\]$C_{\text{Tube}/\text{Needle}}$Cost of tubes and needles per lot \[JPY\]$E_{\text{Max}}$Maximum elastic strain energy of a cell \[J\]$E$Damage to a cell \[J\]$F$Load \[N\]$f$Frequency factor \[Hz\]$f_{0}$Unit frequency factor (1 Hz)$f_{\text{Λ}}$Lognormal distribution of cell survival capability after cultivation, i.e., initial distribution$f_{\text{Λ}_{\text{S}}}$Distribution of cell survival capability after filling$f_{\text{Λ}_{\text{C}}}$Distribution of cell survival capability after cryopreservation/thawing$f_{\text{Λ}_{\text{A}}}$Distribution of cell survival capability after attachment$G_{0}$Scale factor of the modulus at $f_{0}$ \[Pa\]$G^{\ast}$Complex share modulus \[Pa\]$h$Number of filling needles \[--\]$i$Complex number$m$Parameter of lognormal distribution$n$Sample size \[--\]$N$Normal distribution$N_{0}$Annual production volume \[L year^−1^\]$q$Constant \[Pa^2/3^ J\]$R\left( x^{'} \right)$Function defined in Eq. [(10)](#fd10){ref-type="disp-formula"}$r$Radius of a sphere \[m\]$S_{1}$Coefficient associated with filling \[J s^−1^\]$s_{1}$Coefficient associated with filling \[Pa^−2/3^ s^−1^\]$S_{2}$Coefficient associated with filling \[J\]$s_{2}$Coefficient associated with filling \[Pa^−2/3^\]$t_{\text{S}}$Time for filling \[s\]$u$Filling rate \[L s^−1^\]$v$Parameter of lognormal distribution$V_{\text{L}}$Lot size \[L\]$x$Support of the function$X$Stochastic variable$Y$Young\'s modulus \[Pa\]$y_{\text{S}}$Yield in filling \[--\]$y_{\text{C}}$Yield in cryopreservation/thawing \[--\]$y_{\text{A}}$Yield in attachment \[--\]$y_{\text{Overall}}$Overall yield \[--\]$\alpha$Power-law exponent \[--\]$g\left( \alpha \right)$Function of $\text{Γ}\left( 1 - \alpha \right)\text{cos}\left( \text{π}\alpha/2 \right)$$\eta\left( \alpha \right)$Function of $\text{tan}\left( \text{π}\alpha/2 \right)$$\mu$Newtonian viscous damping coefficient \[Pa s\]$\mu\left( X \right)$Mean of stochastic variable $X$$\sigma\left( X \right)$Standard deviation of stochastic variable $X$$\nu$Poisson\'s ratio \[--\]
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